Introduction
The study of stock market data efficiency has been the objective of many researches since the last few decades. The financial integration has been expected to stimulate financial efficiency and economic growth, and reduce the negative effects of shocks through more diversification and capital mobility. The Indian capital market is no longer isolated from the global economic environment.Recently India has witnessed greater volatility in its stock market. Some of which had their origin in global events like US sub-prime crisis. Inflation rates, global energy prices, exchange rate fluctuations, etc. are witnessing constant changes in the recent years. These are affecting the volatility and thus, the efficiency of the capital market. In this regard, the study of capital market efficiency in India is very significant and meaningful.
Mishra, Das and Pradhan [1] studied empirically the efficiency of Indian stock market in the context of recent global financial crisis, assuming the stock prices follow a Random Walk. Mishra [2] examined the efficiency of Indian stock market, particularly that of Stock Exchange, Mumbai (BSE) over a period of 18 years spanning from Jan, 1991 to Jan, 2009 using Random Walk (RW) and Generalised Autoregressive Conditional Heteroscedasticity (GARCH) models. Both these studies provided the evidence of weak form market inefficiency in India.
Capital market volatility is often described as the rate and magnitude of changes in prices and in finance often referred to as risk.To a certain extent, market volatility is unavoidable, even desirable, as the stock price fluctuation indicates changing values across economic activities and it facilitates better resource allocation.But frequent and wide capital market variations cause uncertainty about the value of an asset and affect the confidence of the investor.The stock exchange prices play an important role as indicators, reflecting the performance of the country's economic state of health. It is exposed to a high degree of volatility; prices fluctuate within minutes and are determined by the demand and supply of stocks at a given time. Testing duration in stock markets concerns the ability to predict the turning points of bull and bear cycles.The Power Law process has been used in previous studies to analyze duration dependence in economic and financial cycles. Zhou and Rigdon ([3] , [4] ) analyzed duration dependence in U. S. business cycles analysis using the modulated power law process.
There are very few studies which address the issues of modelling the stock prices either parametrically or non-parametrically. We fill this gap by treating the time to occurrence of trough and peak of stock prices through a stochastic point process models.
We have considered the BSE 30 (SENSEX) data from January, 1991 to August, 2012 (more than 21 years span) for bull (peaks) and bear (troughs) markets.The duration dependence of stock market cycles can help to pinpoint the peaks and troughs in these cycles.
We study some point process models to fit the data from Indian stock market cycles. Upon carrying out various goodness of fit tests, we found that the Nonhomogeneous Poisson Process (NHPP) models like Power Law Process (PLP), MPLP (Modulated Power Law Process), Log-linear process (LLP) and other models are some of the possible alternative models to describe the data.
In section 2, some point process models have been discussed. For PLP and LLP, the likelihood equation and the point estimators are suggested. Section 3 discusses about the estimation of reliability indices for PLP and LLP. In section 4, we discuss some graphical and analytical procedures to test the presence of trend and the suitability of the point process model to the given set of data. In section 5, we provide point estimates, confidence interval estimates, several other reliability indices and also carry out tests of hypothesis for testing the suitability of particular model.
II. Nonhomogeneous poisson process models
A non-repairable system is the one which is discarded the first time that it fails to perform satisfactorily. For such a system, the times between failures are independent and identically distributed. A repairable system is the one which, after failure to perform at least one of its required functions, can be restored to performing all of its required functions by any method, other than replacement of the entire system (Asher and Feingold [5] , Calabria and Pulcini [6] , Lawless [7] ). The most commonly used point process models which have been applied to repairable systems are the Homogeneous Poisson Process (HPP), the Nonhomogeneous Poisson Process (NHPP), the Branching Poisson Process (BPP), the Renewal Process (RP) and the Superimposed Renewal Process (SRP) (Muralidharan [8] ).
The HPP can be simply defined as a sequence of independent and identically exponentially distributed random variables X i 's.For the Renewal process, the probability of an event in a small interval depends only on the time since the previous event and not on the previous pattern of failures or the time since the process initially began. Thus, this model assumes that after the occurrence of an event, the system is always in exactly the same condition, precluding the possibility of a long term change in the system (Lawless and Thiagarajah [9] ). Through goodness-of-fit tests, it can be verified whether the data fits the Renewal process model.
The Nonhomogeneous Poisson Process (NHPP) is another model that has been used to model the occurrence of events in time. For NHPP, the probability of an event in a small interval is some function of time since the initial start-up of the system, therefore, an event and the subsequent restarting of the system has no effect on the system performance. If the probability of an event occurring in a small interval is constant across time, then the process is a homogeneous Poisson process where the times between events are independent and identically distributed exponential random variables. Thus, a renewal process can be described as a good-as-new or same-as-new model, whereas the NHPP is described as a bad-as-old or same-as-old model. Therefore, a renewal process can model duration dependence but not any long term effects, such as the tendency of intervals to get longer or shorter, whereas the NHPP can model long term effects, but not duration dependence (Cox [10] , [11] ). An NHPP is often used to model the failures of repairable systems if they undergo minimal repairs and if there is a trend in the TBF. If the TBF are monotonically increasing (decreasing), then this indicates that failures are becoming less (more) frequent and that the system is improving (deteriorating) as the operating time increases (Cox and Lewis [12] ).
In our paper, the discussions and the results are based on the analysis of the times between successive events of the SENSEX, where event is peak or trough, which we denote as time between successive failures (TBFs). When a trend is noticed in the data set, we describe the trend using the NHPP models like, Power Law process and Log-linear process, which assumes that the TBFs vary as a function of time. We provide estimates, confidence interval estimates and tests of hypothesis for the parameters involved in a particular model.
The Power Law Process
The PLP has proved to be a useful model for analyzing systems which are deteriorating or improving with time (Rigdon and Basu [13] ). For PLP, the probability of an event in a small interval depends only on the time since the previous event and not on the previous pattern of failures or the time since the process initially began.Thus, this model assumes that after the occurrence of an event, the system is always in exactly the same condition. The intensity function of PLP is given by:
where parameters  and  are scale and shape parameters, respectively. If 1 < < 2, the intensity function is concave and increases more slowly with operating time, and if > 2, the intensity function is convex. Crow ([14] , [15] ) obtained maximum likelihood estimates of the parameter and and discussed methods of performing hypothesis tests and constructing confidence limits for these parameters. Baker [16] suggested some tests for checking whether the process is PLP.Rigdon and Basu [17] discussed the procedure of estimating the intensity function of PLP at current time.
Let 0 <t 1 <t 2 < … <t n denote the first n ordered system failure times from a time-truncated power law process with the intensity function as given above. The joint density or the likelihood function of t 1 , t 2 , … , t n , for an NHPP is given by:
Where the cumulative intensity function is:
Thus, for the PLP, the likelihood function of t 1 , t 2 , … , t n will be:
The log likelihood function will be :
This gives the ML estimates of θ and β as: = 1 (6) and
( 7)can be solved first analytically to obtain the estimate of and then using this estimate in (6), the estimate of  can be obtained.
The Log-Linear Process (Cox Process)
If the power law model is rejected by a goodness-of-fit test, other NHPP models can be fitted and tested for goodness-of-fit. One such model was proposed by Cox and Lewis [12] with intensity function:
= exp + , −∞ < , < ∞ (8) wherea is the scale parameter and b is the shape parameter. Note that is strictly decreasing forb< 0, a constant for b = 0, and strictly increasing for b> 0. Thus this model has a monotonic trend in the failure data indicating system reliability improvement when b< 0 and deterioration when b> 0. The LLP reduces to HPP when b = 0. The most important characteristic of the LLP model is that its failure intensity function is greater than 0 at t = 0 and is convex for any value of b. This characteristic makes the LLP model suitable to describe failure process of repairable system with extremely fast increasing failure rate. The likelihood function for LLP is given by:
And the log likelihood of the process is given by:
Differentiating the log likelihood function with respect to parameters a andb gives the following likelihood equations:
Solve (11) for b using an iterative method and substitute this estimate in (12) to obtain the estimate of a.Wang and Xu [18] discussed the procedures of obtaining point and interval estimates of parameters and other reliability indices for log-linear process model for NC machine tools. Muralidharan and Shah [19] derived the conditional test for trend in process.
III. Estimation procedure
Using the log likelihood function for PLP and LLP, the second order derivatives and partial derivatives of parameters can be obtained as, respectively:
Since the pivotal quantities of the parameters are not available, a common approach for obtaining asymptotic confidence regions for model parameters is to use the asymptotic theory of maximum likelihood estimation. In a general framework, let be the model parameter and be its maximum likelihood estimator.When observed data are independent and identically distributed, it is well known that the asymptotic distribution of is given by:
where is the local Fisher's Information matrix. This information matrix can be used to propose approximate Confidence Interval for the parameters. The inverse of the local Fisher Information matrix obtained as follows, gives the estimate of the covariance matrix of MLE, for PLP and LLP respectively, as:
and
As the MLEs are asymptotically normally distributed, we can use the asymptotic lognormal distribution for the MLEs and obtain the approximate 100 (1-α) % confidence interval for parameter of interest, say γ, as
where is the estimated parameter of PLP or LLP, and 2 is the upper 2 percentile point of a standard normal distribution.The other reliability indices of interest for both PLP and LLP are: the estimate of failure intensity function ( ) , the estimate of mean time between failures ( = 1 ( )) , the estimate of cumulative failure intensity function ( = Λ = ) , the estimate of cumulative MTBF ( = t Λ = ) , the estimate of reliability at a given time ' ' ( = −Λ ), the estimate of warranty time for a given reliability ( ), which can be obtained from equation of and the estimate of number of failures up to given time ' ' = Λ ( ).
To find the confidence interval with confidence coefficient (1-α), the following procedure may be used:
Let be the reliability index whose confidence bounds are to be computed and suppose the NHPP under consideration has two model parameters, say, and . Then compute:
Then the approximate 100 (1-α) % confidence interval for ( ) is given by:
Also the two information criteria can be used to choose the best model, namely, Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) defined by: = −2 max ℓ + 2 , = −2 max ℓ + ln (18) Where, m is the number of estimated parameters, n is the number of observations and max ℓ is the maximized log-likelihood.
IV. Trend testing
It is essential to check the existence of trend or time dependency in the Times between failures (TBFs) before selecting the suitable model for the failure intensity function. Graphical methods and analytical methods are two widely used methods of testing time-trend for the system. When a trend is noticed in the data set, one possibility to describe the trend is to use the NHPP models like PLP, LLP etc., which assumes that the TBFs vary as a function of time.
Graphical Procedures for Analysis of Trend
Analysis of reliability of available data is usually based on the assumption that the times between events (failures) are independent and identically distributed in the time domain. So we can consider tests for trends to check whether the assumption of i.i.d. for the failure times is satisfied or not. For which, cumulative number of failures can be plotted against cumulative time between successive failures. The convexity of the curve can be interpreted as the presence of trend in the dataNelson [20] .
Specifically, if we are interested in checking the trend in the process, we can use the Duane plot, which is the test for checking whether the process is PLP (Duane [21] ). Duane Plot can be based on the plot of ln(t) against ln (N(t) ), where N(t) is the number of failures up to time t. The linearity of the plot indicates that the PLP can be a suitable model to describe the failure times.
The other alternative of Duane plot is the total time on test (TTT) plot (Klefjoand Kumar [22] ). Suppose n units are put on test and 0 <x (1) when the data is failure-truncated at the nth failure at time . Under the null hypothesis of a HPP, the test statistic U is chi-squared distributed with 2(n-1) d.f. The null hypothesis is rejected if the value of test statistic U< the critical value, and thereby it can be concluded that the process is NHPP. [14] to test the null hypothesis that the failure times follow PLP versus the alternative that the failure times do not follow PLP is given as
The Cramer-von-Mises (CVM) test statistic suggested by Crow
Where M = n-1and = , where tis a pre-assigned time upto which the system is observed. If the test statistic is greater than the selected critical value, then the hypothesis that the failure times follow a PLP is rejected at the selected level of significance.
4.2.3Let be the cumulative failure times. Then the Laplace Test Statistics for testing H 0 : The process is HPP vs. H 1 : The process is NHPP is defined as
If the value of the test statistic U> the critical value, the null hypothesis is rejected.
4.2.4Let
= − −1 , = 1, 2, … , be the inter arrival times. Then the Lewis-Robinson test Statistics for testing H 0 : The process is renewal process Vs. H 1 : The process hasmonotonic trends is defined as
Where U = Laplace test statistic, . . = estimated coefficient of variation of . If the value of test statistic > critical value, H 0 is rejected. 4.2.5A test based on quadratic form proposed by Janiet. al. [24] for testing H 0 : The process is HPP vs. H 1 : The process is NHPP has the form
Under H 0 , the mean and variance of are = − 1and = 4 2 ( −1)
+2 ( +3)
. If the standardized value of >critical value suggested by the authors in their article, then H 0 is rejected.
V. Data analysis
We consider the BSE 30 (SENSEX) data from January, 1991 to August, 2012 (more than 21 years span) for bull (peaks) and bear (troughs) markets. We are considering the monthly high for each month as the point of our interest and we consider the failure times as the time intervals (in months) after which the peak or trough occurs. Moreover, these time points are observed according to the change (up or down) of 500 points, 1000 points and 1500 points. Thus, we have considered 6 datasets, namely, 500 points up, 500 points down, 1000 points up, 1000 points down, 1500 points up and 1500 points down and for each of these datasets we get respectively, 58, 37, 31, 19, 21 and 10 observations. In each dataset, we have noted down cumulative number of months, starting from January 1991 to August, 2012 after which there was increase or decrease of 500 points, 1000 points and 1500 points in sensex, which are considered here as event times. Convexity of the curve in Fig. 1 means presence of trend in the data. The TTT plot in Fig. 2 indicates that the data initially shows increasing failure rate, then there is an improvement in the system and then after again the failure rate is increasing. That means the trend is present in the data. Linearity of Duane plot indicates that the data follows PLP, so here from Fig. 3 , we can say that the process is PLP. Table 1 shows the results of goodness of fit tests discussed is section 4.2, from which it can be concluded that the data can be modelled using an NHPP. Table 2 and 3 consists of point and interval estimates of model parameters and reliability indices for PLP and LLP respectively. In Table 4 , the values of AIC and BIC computed using (18) are shown for the purpose of deciding the suitability of PLP or LLP model for the data, which shows that LLP is a more suitable model for describing the 500 points up data. Convexity of the curve in Fig. 4 means presence of trend in the data. The TTT plot in Fig. 5 indicates that the data initially shows increasing failure rate, then there is an improvement in the system and then after again the failure rate is increasing. That means the trend is present in the data. Linearity of Duane plot in Fig. 6 indicates that the process is PLP.
A: 500 points UP data (n=58)
From Table 5 , it can be concluded that the data can be modelled using an NHPP. Table 6 and 7 consists of point and interval estimates of model parameters and reliability indices for PLP and LLP respectively. FromTable 8, we can conclude that LLP is a more suitable model for describing the 500 points down data. Convexity of the curve in Fig. 7 means presence of trend in the data. The TTT plot in Fig. 8 indicates that the data initially shows increasing failure rate, then there is an improvement in the system and then after again the failure rate is increasing. That means the trend is present in the data. Duane plot in Fig. 9 exhibits nonlinearity, which indicates that the process is not PLP.
From Table 9 , it can be concluded that the data can be modelled using an NHPP. Table 10 and 11 consists of point and interval estimates of model parameters and reliability indices for PLP and LLP respectively. Table 12 shows that LLP is a more suitable model for describing the 1000 points up data. Convexity of the curve in Fig. 10 means presence of trend in the data. The TTT plot in Fig. 11 indicates that the data initially shows increasing failure rate, then there is an improvement in the system and then after again the failure rate is increasing. That means the trend is present in the data. Linearity of Duane plot in Fig. 12 indicates that the process is PLP.
From Table 13 , it can be concluded that the data can be modelled using an NHPP. Table 14 and 15 consists of point and interval estimates of model parameters and reliability indices for PLP and LLP respectively. Table 16 shows that PLP is a more suitable model for describing the 1000 points down data. Convexity of the curve in Fig. 13 means presence of trend in the data. The TTT plot in Fig. 14 indicates that the data initially shows increasing failure rate, then there is an improvement in the system and then after again the failure rate is increasing. That means the trend is present in the data. Nonlinearity of Duane plot in Fig. 15 indicates that the process is not PLP. From Table 17 , it can be concluded that the data can be modelled using an NHPP. Table 18 and 19 consists of point and interval estimates of model parameters and reliability indices for PLP and LLP respectively. Table 20 shows that LLP is a more suitable model for describing the 1500 points up data. Convexity of the curve in Fig. 16 means presence of trend in the data. The TTT plot in Fig. 17 indicates that the data initially shows increasing failure rate, then there is an improvement in the system which means the trend is present in the data. Linearity of Duane plot indicates PLP, so here from Fig. 18 , we can say that the process is not PLP. From Table 21 , it can be concluded that the data can be modelled using an NHPP. Table 22 and 23 consists of point and interval estimates of model parameters and reliability indices for PLP and LLP respectively. Table 24 shows that LLP is a more suitable model for describing the 1500 points up data. 
VI. Conclusions
From the trend analysis, it is clear that the assumption of i.i.d. is, in general, not valid for the TBFs of the stock prices. The assumption that the NHPP adequately describes TBFs of stock prices is validated both graphically and analytically. The values of shape parameter of PLP is greater than 1 for all datasets, which clearly indicates that the failure intensities are increasing, and their maintenance policies should be changed or further reinforcement should be made. In this study, using both models, PLP and LLP, the point MLE and interval estimates for the parameters and the reliability indices are computed based on asymptotic results. It can be seen that for the sensex data regarding 500 points up, 500 points down, 1000 points up, 1500 points up and 1500 points down, LLP may be a suitable model; whereas for the sensex data regarding 1000 points down, PLP may be a suitable model.
